
ABSTRACT

TOMKINS, LAURA MARY. Synthesis of Radar-Observed Characteristics, Storm Structures, and
Surface Snowfall Rates in 10+ Years of Northeast US Winter Storms. (Under the direction of Dr.
Sandra Yuter).

Accurate forecasts of snowfall are crucial to minimize the impacts of winter weather. Current

numerical weather prediction models struggle to accurately forecast the timing, intensity, and

duration of snow. We use over 11 seasons of meteorological observations in the northeast US

encompassing 264 days with substantial regional snowfall to investigate several characteristics

of winter storms and their associations with high snow rates at the surface. Regional radar

mosaics derived from the National Weather Service operational NEXRAD network are used to

assess how mesoscale snow bands impact the surface snowfall rate. We developed two new

objective image processing techniques as part of this work; one for identifying and reducing

the visual prominence of mixed precipitation (rain with snow), and another for identifying

locally-enhanced reflectivity features. Hourly surface snowfall rates from ASOS stations in the

northeast US are compared to hourly statistics of locally-enhanced feature area in the vicinity

of the surface weather measurements. Our results show that heavy snow rates (> 2.5 mm hr−1

liquid water equivalent) are rare and are not consistently associated with locally enhanced

reflectivity features (i.e. snow bands). Detailed vertical cross-sections of winter storms from

research radars demonstrate that snow particles do not fall straight down, rather they are blown

sideways 10s of km as they fall. Ice streamers with heavier snow emanating from generating

cells near cloud top are tilted and smeared on the way to the surface. In the absence of vertical

column continuity in reflectivity, there is not a direct relationship between scanned operational

radar observations above the ground and surface snow rates.

In addition to the radar reflectivity fields, we examine storm structure features related

to vertical motions at 10s of km and 100s of km spatial scales. The observed radar Doppler

velocity field is used to detect wave features (10s of km scale), known as velocity waves, to

explore the relationship between propagating bands of upward and downward motions and

surface snow rates. When comparing the distributions of snow rates from times with and

without velocity waves, we found that times with waves have a slightly higher liquid equivalent

snow rate (median: 0.76 mm hr−1) than times without waves (median: 0.3 mm hr−1). Low

pressure center tracks derived from ERA5 reanalysis data are used to visualize the snow rates

in a Lagrangian framework relative to the low pressure center. Patterns of snow rates that are

generally consistent with the expected spatial patterns of frontogenesis at 100s of km scales.

86% of heavy surface snow rates (> 2.5 mm hr−1 liquid water equivalent) are observed when



the surface pressure is decreasing rather than increasing.

This comprehensive analysis gleaned from weather radar, surface stations, and focused

observations from research aircraft highlights the large uncertainties and ambiguities in inter-

preting observed radar reflectivity in snow and the importance of using large sample sizes to

gain representative physical insights.

Key implications of our findings are that primary bands (snow bands longer than 200 km that

are persistent over several hours) are useful in identifying regions with heavier snow rates since

primary bands are related to strong frontogenesis. In regions with weak to no frontogenesis,

multi-bands (sets of parallel snow bands < 200 km in length) are a distraction since they are

rarely associated with heavier snow rates.
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Figure 4.1 Data �ow diagram of the winter storm feature detection algorithm. Dark
blue ovals indicate processes, purple polygons indicate input and output
data, and orange elements indicate adjustable setting parameters used in
the functions. Each arrow represents an input or output to the associated
functions. The re�ectivity �eld and background average �eld are 2D
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Figure 4.9 Demonstration of bounding the best estimate feature detection with
purposeful overestimates and underestimates using an example from 7
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few multi-bands. Locally enhanced features that include mixed precipi-
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Figure 5.1 2D distributions of (a) faint and (b) strong feature area � time fraction ver-
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tions are removed. 0.5 area � time fraction is annotated with a vertical
black dashed line and 2.5 mm hr � 1 is annotated with a horizontal black
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Figure 5.2 2D distribution of all feature (faint + strong) area � time fraction versus
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Area � time fraction calculated with a 25 km radius and observations are
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Figure 5.3 Bar plot of the four categories shown in Fig. 5.2. In addition, the far left
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area � time fraction ( > 0.5) are observed over an hour. (a) Feature detec-
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(04:00-05:00 UTC) annotated with red plus sign, and (c) time series of
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each feature category within 25 km of KALB (yellow: strong area, orange:
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Figure 5.5 An example when a low / moderate snow rate ( < 2.5 mm hr � 1) and high
feature area � time fraction ( > 0.5) are observed over an hour. (a) Fea-
ture detection �eld from NEXRAD regional mosaic at 26 January 2021
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purple, (b) 2D distribution from Fig. 5.2 with speci�c hourly observation
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Chapter 1

Introduction

1.1 Motivation

Winter storms in the northeast US cause signi�cant societal and economic disruptions

to the densely-populated regions of the mid-Atlantic and New England (Kocin and Uccellini

2004; Novak et al. 2023). The US Department of Transportation estimates that weather-related

�ight cancellations are twice as common in the winter compared to the summer (Guarino and

Firestine 2010).

Accurate forecasts of winter storms are crucial for school districts, emergency managers,

and transportation agencies to minimize the impacts from winter weather. Current numerical

weather prediction models struggle to accurately predict the timing, intensity, and duration of

snow. It is common for snowfall accumulation forecasts to have a range of a factor of two or

more (i.e. "3 to 6 inches of snow expected") which complicates the planning for storm impacts.

Small shifts of 10s of km in the cyclone track and / or temperature gradients can cause changes in

the location and timing of the rain-snow line and whether snow falls over a given metropolitan

area or during rush hour. Additionally, the forecast skill varies from event to event, so while

one event might be well-forecast, the next may not be (Novak et al. 2023).

Snowfall accumulations are dependent on the snow rate which also has important societal

impacts. Heavy snow rates make it dif�cult for snow plows to keep up with clearing roads and

create poor visibility conditions (Rasmussen et al. 1999). Additionally, heavy snow rates can

increase the risk for avalanches (Schweizer et al. 2003).

The general lack of skill in forecasting winter storms has motivated research to understand

the physical processes within winter storms. In this study, we address basic questions about

the structural characteristics of winter storms and the impact they have on surface snow fall.
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1.2 De�nitions and Concepts

Descriptions of key terms for non-meteorologist readers.

• Radar re�ectivity : Active remote sensing measure of the magnitude of backscattered

energy related to the characteristics of the set of precipitation particles in a scanned

volume. In rain, radar re�ectivity is a function of the number and size distribution of

raindrops in a given volume. Generally, higher re�ectivity values are associated with

higher total mass of raindrops per unit volume. In snow, the relation between volumetric

mass of ice and re�ectivity is not monotonic and varies with the sizes, shapes, and

densities of ice particles in a volume.

• Doppler velocity : Active remote sensing measure of the component along the radar

beam of the precipitation-sized particle velocities in a given volume. Positive indicates

motion away from the radar and negative indicates motion towards the radar. For radars

that scan nearly at horizontal, Doppler velocity is indicative of horizontal wind motion.

For radars that point vertically, Doppler velocity is the sum of the vertical air motions

(upwards or downwards) and fall speed of precipitation (downwards).

• Instability : A condition where an air parcel continues to rise if perturbed upward from it's

initial position. Instability is one cause of upward vertical motions and thus a contributing

factor in cloud and precipitation development. There are many types of instabilities in

the atmosphere associated with different vertical pro�les of temperature, humidity, and

wind.

• Frontogenesis : The strengthening of a weather front. Frontogenesis occurs when the

temperature gradient along a front intensi�es. Frontogenesis drives a circulation with up-

ward motion and is often accompanied by instability. Locations with strong frontogenesis

are usually favorable for precipitation development.

• Vapor Deposition : Water substance phase change from vapor to ice. Vapor deposition is a

key process in the initial formation of ice crystals and their growth from cloud-size ( < 0.2

mm diameter, too small to fall) to precipitation-size (large enough to fall) particles. The

geometric shape of the depositional growth is a function of temperature and humidity.

• Riming : A process where super-cooled liquid droplets freeze on contact with precipitation-

size ice crystals. Riming adds mass to ice particles about 16x faster than vapor deposition.
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• Aggregation : A process where existing snow crystals collide and jumble together. Aggre-

gation yields individually larger ice particles but since it just rearranges the existing mass,

it doesn't change the total ice mass in a given volume.

1.3 Background

Winter storms in the northeast US often develop elongated features of enhanced re�ectivity

referred to as snow bands. Bands that are longer than 200 km are called primary bands and

are associated with strong frontogenesis at low- and mid-levels in the storm(Fig. 1.1; Novak

et al. 2004, 2010; Ganetis et al. 2018). Bands that are shorter than 200 km and typically occur in

groups are known as multi-bands. Most previous work related to winter storms has focused on

primary bands and understanding their associated physical mechanisms (Novak et al. 2004,

2008, 2009, 2010; Novak and Colle 2012; Kenyon et al. 2020; Baxter and Schumacher 2017;

Stark et al. 2013). The relationship between multi-bands and frontogenesis is not clear as

multi-bands are found in environments with strong, positive to negative frontogenesis (Fig. 1.2;

Ganetis et al. 2018; Nicosia and Grumm 1999; Connelly and Colle 2019). Shields et al. (1991)

and Ganetis et al. (2018) have suggested conditional symmetric instability as a mechanism for

multi-band production but the relative importance of this type of instability in comparison to

other types of instabilities is a topic of active research. Hoban (2016) found winter storms in

the northeast US with multi-bands often exhibited wave-like features in the Doppler velocity

�eld, known as velocity waves (Miller et al. 2022), suggesting multi-bands may be associated

with wave activity. The lack of consistent signal between multi-bands and forcing mechanisms

such as frontogenesis and instability makes these snow bands particularly dif�cult to forecast.

As part of this study, we examine recent �eld campaign observations of the detailed 3D

structures of winter storms including vertically-pointing radar observations from aircraft

deployed during the recent NASA IMPACTS �eld campaign (McMurdie et al. 2022) and vertical

cross-sections from ground-based radars at Stonybrook University (KASPR; Oue et al. 2017).

These research-quality observations provide new insights into typical vertical structures in

winter storms including physical processes, and their relation to snow bands as detected in the

coarser resolution radar data from the National Weather Service operational radars.

Most previous work on snow bands in northeast US winter storms has focused on case

studies or small sample sizes with high snowfall accumulations (Picca et al. 2014; Varcie et al.

2022; Ganetis and Colle 2015; Novak et al. 2008; Han et al. 2007; Colle et al. 2014; Clark et al.

2002; Lackmann and Thompson 2019). While case studies can provide valuable information,

they may not be representative of the relative importance of the roles of different physical

processes in a large sample of winter storms. Case studies often focus on extreme events with
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Figure 1.1: Conceptual diagram of the environments associated with (a) primary band event and (b)
non-banded event. Regions of frontogenesis are shaded in red. Other key features described in legend.
Figure 15 from Novak et al. (2004).

Figure 1.2: Distribution of 700-800 hPa frontogenesis for each event colored by types of bands present.
Figure 10 from Ganetis et al. (2018).
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the most intense impacts which may not be generalizable to more typical events.

A complicating factor in the analysis of winter storms using weather radar observations

is the interpretation of radar re�ectivity in snow. In warm-season precipitation systems it

is reasonable to deduce that locally-enhanced radar re�ectivity features are associated with

stronger rain rates at the surface but that is not necessarily the case in cool-season precipitation

systems. In snow, changes in radar re�ectivity do not necessarily equate to changes in mass per

unit volume as in rain (Table 1.1). Processes such as aggregation and partial melting increase

the radar re�ectivity but do not change the mass per unit volume which complicates the

interpretation of radar re�ectivity in winter storms.

Table 1.1: Table of microphysical processes and their associated change to mass per unit volume
(IWC/ LWC) and to radar re�ectivity.

Process Change to IWC / LWC Change to radar re�ectivity
Riming Increase Increase

Vapor Deposition Increase Increase
Collision-Coalescence Increase Increase

Condensation Increase Increase
Aggregation No change Increase

Melting No change Increase
Evaporation Decrease Decrease
Sublimation Decrease Decrease

Freezing No change Decrease
Fragmentation No change Decrease

Raindrop Breakup No change Decrease

Observations of ice water content (IWC) and radar re�ectivity collected during research

�ights as part of the SNOWIE �eld campaign in the mountains of Idaho (Tessendorf et al.

2019) describe the relationship between IWC and re�ectivity in ice clouds and light snow (Fig.

1.3; Zaremba et al. 2023). For a given radar re�ectivity value, there is a wide range of possible

associated IWC values. Similarly, for a given IWC value, there is a wide range of possible radar

re�ectivity values. Overall, for these data obtained in light falling snow as IWC increases radar

re�ectivity increases but even for this simple case without much aggregation or any partial

melting the spread of the values makes it dif�cult to quantify volumetric ice mass as a function

of radar re�ectivity better than a factor of 2.

Snow falls slowly ( � 1 m s� 1) compared to rain ( � 5 m s� 1) so it is more easily transported by

the horizontal winds of � 10 m s� 1 and rarely falls straight to the surface further complicating

the interpretation of radar re�ectivity aloft. The work we present here demonstrates that locally-
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Figure 1.3: 2D distribution of ice water content (IWC) [g m � 3] from Nevzorov liquid water and total
water content probe and radar re�ectivity [dBZ] from the W-band Wyoming Cloud Radar (WCR) deployed
on the University of Wyoming King Air (UWKA) aircraft during the SNOWIE �eld campaign. Figure 6
from Zaremba et al. (2023).
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enhanced re�ectivity features are rarely associated with heavy surface snow rates which argues

that bands not strongly-forced (by frontogenesis or otherwise) are distracting when it comes to

nowcasting (forecasting out to less than 6 hours) regions with heavy snow rates.

1.4 Thesis Organization

The overarching goal of this study is to explore and understand the relationships between

surface snow rates and locally-enhanced re�ectivity features (i.e. snow bands), Doppler radar

observed velocity waves, and storm structures. Previous research related to storm structures

and snow rates has primarily focused on the portions of winter storms with strong frontogenesis.

We use a large sample size to address the full range of conditions in northeast US storms yielding

at least 1-inch of snow in a 24 hour period. We use observations from 264 storm days in the

northeast US from over 10 years (2012-2023) to ensure we are studying the relationships over

a representative sample. To explore the relationship between locally-enhanced re�ectivity

features and surface snow rates we use regional radar mosaics created from National Weather

Service NEXRAD radars and hourly precipitation rates from ASOS stations. The relationship

between velocity waves and surface snow rates is examined by comparing the precipitation rates

during hours when waves were present to hours when waves were not present. To understand

the relationship between storm structures and surface snow rates, we analyze distributions of

precipitation rate related to the distance from the storm's low pressure center and the pressure

tendency.

Chapter 2 will document all data and methods used to analyze winter storms with the

exception of two techniques that have been published and submitted as individual manuscripts

and are included in their own separate chapters. Chapter 3 describes our technique for image

muting radar re�ectivity data and has been published in Atmospheric Measurement Techniques.

Chapter 4 explains the method we developed to objectively identify locally-enhanced features

in the radar data and is in review in Atmospheric Measurement Techniques. Both of these

chapters include their own relevant introduction data, and methods sections. Chapter 5 will

present the results from examining locally-enhanced re�ectivity features and velocity waves in

radar data and their relationship to surface snowfall rates. Chapter 6 examines the relationship

between storm structures and surface snowfall rates. Chapter 7 will present the summary and

conclusions.
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Chapter 2

Data and Methods

To understand how different characteristics of winter storms impact the surface snowfall,

we combine several types of observations for a large sample size of observed storms. This

chapter as well as chapters 3 and 4 document both the datasets and methodology used in this

study.

Since two papers detailing speci�c methods have already been accepted and submitted,

the material on Data and Methods is organized in the following manner. This chapter covers

data and methods that are relevant to the portions of the work that has not yet been submitted

for publication. Chapter 3 covers our image muting technique to remove regions of melting

and mixed precipitation in our analysis and Chapter 4 covers our algorithm for objectively

identifying enhanced re�ectivity in radar data. These chapters containing papers are self

contained in the sense that they include their own Introduction, Data and Methods, Results,

and Summary sections.

2.1 Winter Storm Dataset

We created a dataset of northeast US winter storm events between 2012 and 2023 following

the methodology of Hoban (2016) and Ganetis et al. (2018). We de�ne a winter storm as any date

between October-March 2012-2023 where at least 1 inch of snow was reported over a 24-hour

period at at least two out of 14 stations shown in Fig. 2.1. We used a threshold of 1 inch to

include a wide range of storms in our analysis and not only those that produce a large amount

of snow accumulation. The daily data at each station was gathered from the Global Historical

Climatology Network daily (GHCNd) database (Menne et al. 2012). We selected the stations in

Fig. 2.1 to include storms that were impactful to the more densely-populated regions of the
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northeast US and to avoid identifying events that were lake-effect snow events. Our sample

consists of 264 storm days from 2012-2023. The years 2012-2023 were chosen as this is when we

have dual-polarization radar data available. Using radar data with dual-polarization products

available allows us to "image mute" and remove remove melting and mixed precipitation

observations, often confused for heavy snow, from our analysis (discussed in Sec. 2.2.2). The

full list of storms is includes in Appendix A.

Figure 2.1: ASOS stations where daily snowfall accumulation is used to de�ne a winter storm in this
analysis.

2.2 Radar Observations

We use radar observations from the National Weather Service (NWS) Next-Generation Radar

(NEXRAD) network in the northeast US to analyze features of the radar re�ectivity and Doppler

velocity �eld in winter storms. All NEXRAD data were obtained from the NOAA archive on
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Amazon Web Services (Ansari et al. 2018). Our radar data processing utilizes the open-source

Python Atmospheric Radiation Measurement (ARM) Radar Toolkit (Py-ART) developed by the

Department of Energy ARM Climate Research Facility (Helmus and Collis 2016).

The NEXRAD radars scan 360° in azimuth over a set of elevation angles. In this analysis we

primarily use the elevation angle at 0.5 ° above the horizon. The radar beam widens the further

it is from the radar itself. This means that observations closer to the radar have a higher spatial

resolution than those further away and the observations further away from the radar are more

susceptible to non-uniform beam �lling.

2.2.1 Regional Radar Mosaics

We combine data from multiple radars in the northeast US into a continuous mosaic.

The radars used to create the mosaics are presented in Table 2.1 and shown in Fig. 2.2. The

procedure to create the regional radar mosaics is detailed in Sec 3.2.1.

Table 2.1: List of radar names and locations used in the analysis. The central radar, KOKX, is annotated
in bold.

Radar Location
KOKX New York City, NY
KBOX Boston, MA
KDIX Philadelphia, PA
KDOX Dover, DE
KENX Albany, NY
KGYX Portland, ME
KTYX Montague, NY
KBGM Binghamton, NY
KBUF Buffalo, NY
KLWX Sterling, VA
KCCX State College, PA
KCXX Burlington, VT

2.2.2 Image muting of mixed precipitation

One goal of this project is to understand the relationship between locally-enhanced re�ec-

tivity features and surface snow rates. However, enhanced radar re�ectivity in winter storms

does not always indicate regions of enhanced ice mass. Transitions between snow, rain, and

partially-melted snow are common in winter storms which complicates the interpretation of

10



Figure 2.2: Map of NEXRAD radar locations (red stars). Shaded circles indicate 200 km radius used for
re�ectivity mosaics and blue dashed lines indicate 117 km radius used for velocity wave mosaics.
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re�ectivity since melting and mixed precipitation have higher re�ectivities than volumes of

only ice or only liquid particles of the same mass. We have developed a technique, called "image

muting", which locates regions of mixed or melting precipitation by combining information

from the dual polarization product, correlation coef�cient. A journal article describing this

technique, Tomkins et al. (2022), has been accepted and published in Atmospheric Measure-

ment Techniques and is included as Chap. 3. We remove muted regions identi�ed as mixed and

melting precipitation from our analysis and reduce the visual prominence of these regions in

our visualizations.

2.2.3 Objective detection of local re�ectivity enhancements

Identifying and locating regions of locally-enhanced re�ectivity can often be subjective

and inconsistent from observer to observer. To mitigate this, we developed a technique that

objectively identi�es local enhancements in radar observations. Previous methods to detect

enhancements in enhanced re�ectivity features in the rain layers of storms, such as convective

precipitation cells, did not work well for detecting snow bands which are more subtle in terms

of relative differences compared to the background values and have more diffuse edges. A

manuscript documenting the technique in detail is in review at Atmospheric Measurement

Techniquesand is included as Chap. 4. This technique is unique in the sense that it uses two

adaptive thresholds to identify objects based on their distinctness (faint or strong) from the

background average. This technique is also unique in the sense that we identify objects in a

snow rate �eld that has been rescaled from re�ectivity in order to represent the �eld more

linearly in snow. The algorithm outputs a feature detection �eld which classi�es points as "faint

feature", "strong feature", or "background" which is used throughout this analysis to quantify

the area of locally-enhanced re�ectivity in radar observations.

2.2.4 Velocity Wave Mosaics

Velocity waves are calculated using the methods described in Miller et al. (2022) and Hoban

(2016) whereby sequential scans of dealiased radial velocity are subtracted to obtain a difference

�eld, which represents a temporal change in the radial velocity �eld. To discern separation

between elements in the difference �eld, we apply a threshold to the difference �eld to create a

binary wave �eld.

We calculate the waves on the �rst 0.5 °elevation angle with velocity data available from each

volume scan. Before calculating the wave �eld, we must dealias the velocities. The dealiasing

works best with minimal noise and clutter so before dealiasing we remove small speckles in

the velocity data and we mask data where the re�ectivity is < 0 dBZ or invalid. Scan strategies,
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and thus unambiguous ranges, vary between radars and time. We subset all velocity scans

to a consistent range of 117 km to reduce the visual artifacts associated with changing scan

strategies (see blue dashed circles in Fig. 2.2). 117 km was chosen as it is one of the shortest

unambiguous ranges commonly used in this region during the cool season. We unfold the

velocities using a region based algorithm developed by Py-ART (Helmus and Collis 2016).

Once we have the subset, trimmed, and dealiased velocity scans, we subtract sequential

scans which yields a difference �eld (Fig. 2.3a–c). We apply a threshold to the difference �eld

to obtain a binary �eld by setting the wave �eld to a value of 1 where the difference is <-1 m s � 1

and a value of zero otherwise (Fig. 2.3d). We chose the value of -1 to not include difference

values close to zero where there is a lot of noise.

For velocity waves moving towards a radar, positive values in the difference �eld (i.e. time

2 velocity > time 1 velocity) indicate acceleration and and negative values in the difference

�eld (i.e. time 2 velocity < time 1 velocity) indicate deceleration. The sign of the difference �eld

values reverses for waves moving away from the radar so that positive values are associated

with deceleration. The binary �agged areas in the maps would have horizontal convergence for

waves moving towards the radar and horizontal divergence for waves moving away from the

radar. Since the interpretation of acceleration and deceleration is dependent on the motion

relative to the radar it is challenging to directly map speci�c regions of convergence and

divergence across the entire radar domain. Detection of velocity waves indicates regions of

banded acceleration and deceleration in the wind �eld, and associated bands of convergence

and divergence which in turn imply regions of upward and downward motion (Miller et al.

2022, their Figs. 3 and 4). We cannot get information about the velocity waves when the radar

beam is perpendicular to the �ow (Miller et al. 2022).

Up to this point the �elds were kept in their native, polar coordinates, but in order to

combine the �elds from multiple radars we interpolate to a common grid. Similar to the radar

re�ectivity mosaics, the common grid is centered on KOKX, however, for the wave �elds we

interpolate to a 0.5 km Cartesian grid using a nearest neighbor technique, as opposed to

Cressman weighting. After interpolating, we remove small speckles less than 16 km 2 (Fig. 2.3e).

To combine wave �elds from multiple radars, instead of taking the maximum value where

points overlap as we did with the re�ectivity mosaics, we take the value from the southernmost

radar. There are less regions of overlap between radars compared to the re�ectivity mosaics

since we subset the wave �elds to a smaller range (117 km instead of 200 km; Fig. 2.2). An

example of the combined velocity wave �eld is shown in Fig. 2.4.
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Figure 2.3: Step-by-step wave detection method illustrated using sequential PPI scans of radial velocity
from NWS KOKX radar in Upton, NY, on 26 December 2010. Polar coordinate radial velocity �elds at 0.5 °
elevation angle for consecutive scans at (a) 23:40:00 UTC and (b) 23:45:47 UTC. (c) The difference �eld
computed from PPIs (b) minus (a) showing both positive and negative temporal velocity changes. (d)
Binary version of the negative portion of the difference �eld from (c). (e) Cartesian coordinate (0.5 km
grid spacing) �ltered version of (d) with eight-connected areas < 16 km2 removed. Figure 2 from Miller
et al. (2022).
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Figure 2.4: An example of the velocity wave mosaic from 27 December 2020 09:17 UTC. Red box
indicates Massachusetts region and blue box indicates New York City region for classifying waves
(discussed in Sec. 2.2.5).
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2.2.5 Classifying velocity wave presence

To understand the relationship between velocity waves and snow rate, we classify wave

presence over the hour. Unlike the feature detection �eld, it is dif�cult to automate an algorithm

to detect waves in the velocity wave �eld so we do a manual classi�cation. We only consider

the presence of waves in two sub-regions of the domain, the �rst region centered over NYC

(blue box in Fig. 2.4) and the second centered over Massachusetts (red box in Fig. 2.4). We

chose these two smaller regions as they are both densely-populated regions and they contain a

relatively large number of ASOS stations that we can analyze with (6 in the NYC box and 4 in

the MA box).

Each region and hour in the 264 day subset was classi�ed by two undergraduate students.

The students classi�ed the presence of waves for each hour as "YES", "NO" or "MAYBE". For

an hour to be considered a "YES" there must have been waves present throughout the entire

region for the entire hour. If waves were present but not necessarily in the entire region or

for the entire hour, they were classi�ed as a "MAYBE". Hours were classi�ed as "NO" if there

were no waves present in the region for the hour. For the analysis, we combine the "YES" and

"MAYBE" categories. One student went back through the classi�cations and reconciled the

times when the two original student's classi�cations disagreed. The number of hours of each

classi�cation for both the NYC and Massachusetts region are presented in Table 2.2. While

waves are generally rare for a given geographic region, Hoban (2016) found velocity waves in

50% of winter storms so it is worthwhile to understand their impacts on surface snow rates.

Table 2.2: Number of hours each wave classi�cation was observed for each region.

Wave ID NYC No. Hours MA No. Hours
YES 60 66

MAYBE 134 112
NO 5986 6002

No data 156

2.3 Hourly surface station observations

Hourly observations from 29 ASOS stations in the northeast US are used to quantify the

liquid equivalent snowfall rates for each winter storm day (Fig. 2.5). The hourly snowfall rates

represent hourly liquid equivalent accumulation and are not instantaneous snow rates. ASOS
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data is obtained through the MADIS database. Measuring snow in rain gauges at ASOS stations

can be challenging as snow is easily blown sideways by the wind and doesn't always make it into

the gauge (Rasmussen et al. 2012). To ensure we are getting the best measurements, we are only

using ASOS stations equipped with all-weather precipitation accumulation gauges (AWPAG)

as these gauges are more skilled at measuring liquid equivalent snow accumulation than other

types of gauges (Martinaitis et al. 2015). The AWPAG sensors are equipped with Tretyakov or

double Alter style shields, which are more accurate at measuring frozen precipitation than

gauges with no shields (Rasmussen et al. 2012). AWPAG sensors do not have a heated rim and

thus are subject to capping, although it is dif�cult to estimate how often this occurs in our

dataset. If capping does occur, no snow would be reported for an hour. To further ensure that

we are using reliable observations, only quality-controlled observations when the wind speed

is < 5 m s� 1 are used in our analysis (Rasmussen et al. 2012). The collection ef�ciency of frozen

precipitation is 1.0 at 0 m s � 1 and drops to 0.25 at 6 m s � 1 for double Alter-shielded gauges

which is why we chose a threshold of 5 m s � 1 (Rasmussen et al. 2012). The wind speed threshold

removes � 45% of hourly snow observations, but relatively uniformly over the entire range of

precipitation rate observations (Fig. 2.6). That is, the wind speed threshold is not only removing

observations with heavy or light precipitation rates. Observations are only used in the analysis

if the station has reported snow for at least 4 hours to ensure we are using observations from

consistent snow observations, and not any short-lived, low-impact events.

Following the guidelines created by the Society of Automotive Engineers International

Ground Deicing Committee and NCAR, we use a liquid equivalent precipitation rate threshold

of 2.5 mm hr � 1 to distinguish heavy snow from light ( <1 mm hr � 1) and moderate (1-2.5 mm hr � 1)

snow (Rasmussen et al. 2001). We will only use the term heavy to describe the snow rates

>2.5 mm hr � 1.

We attempted to use visibility reported from the ASOS stations as visibility is commonly

used to determine snowfall intensity (Rasmussen et al. 1999), however, the relationship between

visibility and precipitation rate was too inconsistent for it to be meaningful. Details can be

found in Appendix B.

An example time series of precipitation rate from Boston, MA on 7 February 2021 is shown

in Fig. 2.7. Hourly observations that are used in the analysis are represented by a blue bar

spanning the hour that the precipitation accumulates. Trace values (0 mm hr � 1) are considered

in the analysis, but observations where no precipitation fell are not. The example also indicates

observations not used in the analysis where the wind speed threshold is exceeded (plus sign in

Fig. 2.7).
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